Weighted Voting Method for Multi-Atlas Segmentation in CT Scans
Background In radiation treatment therapy of the head and neck, constructing an appropriate radiation treatment plan hinges on obtaining an accurately labeled three-dimensional model of each patient from CT scans. Contouring the relevant structures in the patients manually is time-consuming for doctors and technicians, and consequently, costly for patients. By determining these contours automatically we can minimize physicians' time spent labeling CT scans.
Here we employ a multi-atlas based approach similar to that used in [1] , in which several labeled images are registered to the unlabeled target image, and then a weighted voting method is applied to transfer the labels. We focus on the left and right parotids like in [2] , as these structures are particularly challenging to contour due to their inter-patient variability. Our method compensates for that variability by emphasizing the contribution from training images that are more locally similar to the target image. In addition, we apply an intensity modification preprocessing step to increase the contrast in the soft tissue regions of the CT. This allows for more accurate registration and subsequent segmentation of both the parotids and brainstem.
Methods Before registration, we apply several preprocessing steps to the labeled atlas images as well as the unlabeled target image. First, everything outside a cylinder inscribed in the volume of the image is zeroed out. Images are then cropped to exclude the shoulders, leaving only the region of the image above the lower neck. Finally, the intensity modification function is applied, as shown in Figure 1 . This modification stretches the intensity range between b and c to the larger range from b to c . It also thresholds minimum and maximum values at a and d.
Intensity Modification Function We choose the intensity modification function parameters b and c such that they correspond to the bounds of the soft tissue intensity range in the CT scans. As a result the registration algorithm will concentrate more on aligning that range, because intensity differences in that range will provide a larger contribution to the sum of squared differences metric used for optimization.
We selected the SSD metric because intensities in CT scans theoretically correspond to densities, such that tissues in one patient should have the same intensity as tissues in another patient. An analysis of the intensity distributions confirms that this is approximately correct for our data set. Our registration algorithm first finds a coarse translational alignment, using multi-resolution gradient descent. We then refine this with an affine registration using the same technique, which allows for rotations, scaling, and shearing. Finally, we use a diffeomorphic demons registration to compute a deformable registration.
Once each atlas image is registered to the target image, multiple contours in the space of the target image identify the same structure. We then apply a weighted voting label fusion to determine a single contour for the target image, one structure at a time. For each voxel, we select whether or not it is part of each structure by maximizing the following probability:
Here I is the intensity of the target image, I i is the intensity of transformed atlas image i and L i is the transformed structure for image i. We say that the probability of the target image being labeled l at voxel x is the product of two terms. The first term represents the intensity difference at x between the target image and transformed atlas, which should give us some indication of how good the registration was in that region. The second term considers the distance from the boundary of L i . The intuition for this second component is that we should be more certain about labels near the center of a structure or far outside it, than near the edge where errors could occur both in registration and in the initial manual labeling.
To assess this method we ran sixteen experiments using the sixteen head-and-neck CT scans available to us, all with parotids and brainstem manually contoured. In each experiment we used one image as the target and the other fifteen as the atlas. The σ and ρ parameters were set to default values of 200 and 10 respectively, though training them separately for each target using leave-one-out cross-validation within the atlas images may yield even better results.
Results Our method produced valid contours for each of the sixteen images, which we compared with the manually contoured structures using the Dice and Hausdorff metrics. for left and right parotids and brainstem of our sixteen images, ± standard deviation. We include both average and maximum Hausdorff metrics. Because the Hausdorff metric is asymmetric, we compute it in both directions and take the max and the average for maximum and mean Hausdorff respectively. in millimeters. The mean Hausdorff calculates the average distance from a point on the boundary of one structure to the nearest point on the other structure's boundary, while the maximum Hausdorff is the distance of the point on the boundary whose nearest point on the other structure's boundary is farthest away.
Left Parotid Dice Scores
We found some improvement in the Dice scores when we apply the weighted voting label fusion as compared to majority voting, where every voxel in every image is given the same weight. Though the Hausdorff numbers do not change significantly, there is potential for improvement by training the ρ parameter.
Conclusions These results demonstrate the advantage of a our weighted voting approach, which takes into account the intensity of only the voxel in question, in addition to the position of the voxel. In the future we plan to investigate if these results will improve when considering a small neighborhood around each voxel, to get a more reliable measure of the local correctness of the registration. Even as is, our method produces results that are frequently less than 2mm away from the manual contour, suggesting that considerable time could be saved for physicians using these automated segmentations as a starting point for their contouring. 
